
GENERALIZED SEISMIC PHASE 
DETECTION (GPD) MODEL4

▪ Convolutional NN trained on millions of 100 Hz 3-component 
seismograms recorded on surface seismic stations.

▪ Training dataset consisted of -0.81 < M < 5.7 events from the 
Southern California Seismic Network (SCSN).

▪ Uses a 400-sample sliding window on continuous seismic data, 
output: the class probability at the centre of the window at every 
50-sample window shift.
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All deep learning models (GPD, U-GPD & EQT) detected additional events.

The deep learning models run faster than current existing phase picking
methods. E.g. On 1 week of 100 Hz continuous data from 1 station:

Pick accuracy of both models need to be improved with detected microseismic 
events for better eventlocations.

INTRODUCTION
Fluid-injection projects (e.g., enhanced geothermal systems, hydraulic 
fracturing in shale gas exploration) often induce seismicity.
Induced seismicity pose risks to infrastructure, communities and 
industrial activities. Monitoring induced seismicity plays a crucial role in 
risk management strategies.

A range of automated earthquake phase detectors currently exist: the 
STA/LTA trigger, autocorrelation, the Coalescence Microseismic Mapping 
(CMM) method1, and Fingerprinting and Similarity Thresholding (FAST)2. 
We will be comparing several deep learning models (i.e., GPD, U-GPD 
and EQT).

Deep learning models (neural networks) offer several advantages. 
Monitoring fluid injection projects produce large seismic datasets. 
Neural networks (NNs) can process large datasets, are computationally
efficient and produce results in near real-time. These models also offer 
the benefits of real-time monitoring, providing more time to react to 
HFIS, thus improving real-time management of risks and hazards.

Scientific questions:
1. How well can a model trained on regional earthquakes recorded 

at 100 Hz by surface stations detect HFIS on high frequency (2000 
Hz), continuous downhole data? Can it be used off-the-shelf?

2. Do the pre-trained models offer faster computational runtimes 
than existing phase detection methods? 

3. Are the deep learning models able to detect additional events 
(uncatalogued) that the CMM method missed?

Detection Method Autocorrelation FAST3 GPD UGPD

Reported Runtime 9 days 13hours 48 min 11 min 4 s 1 min 5.7 s

BASE MODEL (GPD) LIMITATIONS
▪ Model struggles to detect small events because of the differences between

sampling frequencies of the input (2000 Hz) and training data (100 Hz).

▪ Features extracted from higher frequency data might look different from
those already learned by the model. Low signal-to-noise ratio in most
microseismic events would not do anything to improve phase detection.

▪ GPD picks might be inaccurate because of the model architecture.

▪ Generally, pick inaccuracy could stem from ambiguity of its labelling and
because the model was trained to pick larger events. If the pick were offset
by 0.1 s, it is more obvious on shorter duration microseismic events.

DATA
▪ From a UK shale gas site 3,

Preston New Road (PNR-1z).
▪ Initial event catalogue generated

using the CMM method.
▪ 24 downhole 15 Hz geophones.
▪ ~3.1 TB of 2000 Hz continuous

data.
▪ Total: 38,452 events.

MULTI-STATION CATALOGUE COMPARISON
▪ Applied models on the whole PNR-1z dataset (3.1 TB of continuous 

seismic data on 24 stations).

▪ Defined an ‘event’ as a group of at least 4 P arrivals on different 
stations.

▪ All models struggled to detect low magnitude events (Mw < -0.5) that 
the CMM method found but the models also found uncatalogued events.

New aftershock within coda

GPD only

Oct-Nov 2018
(65 days)

GPD U-GPD EQT

Ground truth 38,452 38,452 38,452

Missed 40.5%

(15,561)

23.4%

(9010)

99.2%

(38,135)

Identified 59.5%

(22,891)

76.6%

(29,224)

0.8%

(317)

New + 20%

(7694)

+ 45.2%

(17,384)

+ 0.2%

(75)

Total 
Detections

30,585 46,826 392

CMM & GPD

THE U-GPD MODEL5

▪ Fully-convolutional model with U-Net styled network architecture.
▪ Fine-tuning using a limited volcanic dataset from the Nabro volcano (2498 

waveforms from -0.4 < ML < 3.6 recorded at 100 Hz).
▪ Feature extraction: Fine-tuned GPD weights.
▪ New U-GPD segment: Trained randomisedweights from scratch.
▪ Output: 3 class probability values at each datapoint in the window = 3 

probability traces.U-GPD identifies 17.1% more of the 
catalogue than the GPD model.
U-GPD misses a lower number of events 
but produces a lot more new detections.
EQT misses a majority of the events.

- More scattered 
locations

- Red and blue clustered
event clouds

FUTURE WORK
▪ Transfer learning is the process of using the pre-trained weights as the base for 

retraining the network with additional data.

▪ U-GPD showed that fine-tuning the base GPD model with a limited training 
dataset and changing the network architecture improved detection results.

▪ Fine-tuning the parameters with a microseismicdataset might improve event 
phase detection and picking accuracy of the modelon microseismicevents.

EQTRANSFORMER6

▪ An attention-based deep learning model with an encoder and 3 decoder
branches.

▪ Training dataset: 1 million EQ waveforms, 300K noise waveforms from the
STanford EArthquake Dataset (STEAD), a global labelled dataset (recorded
on surface stations at 100 Hz).

▪ Encoder: extracts high-level representations of the data from the input
(continuous seismic signals in time).

▪ 3 decoder branches: uses these high-level data representations to generate
3 probability traces (for the existence of an earthquake, the P phase and
the S phase). Output: 3 class probability values at each time.The GPD model struggles to detect events at 

Mw < -0.5. 
The U-GPD model starts missing events at Mw < -0.3.

(Clarke et al., 2019)
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Model phase picks

GPD: Good Picks GPD: Bad Picks


